This paper draws on lessons from a UK case study in the management of diffuse microbial pollution from grassland farm systems in the Taw catchment, south west England. We report on the development and preliminary testing of a field-scale faecal indicator organism risk indexing tool (FIORIT). This tool aims to prioritise those fields most vulnerable in terms of their risk of contributing FIOs to water. FIORIT risk indices were related to recorded microbial water quality parameters (faecal coliforms [FC] and intestinal enterococci [IE]) to provide a concurrent on-farm evaluation of the tool. There was a significant upward trend in Log [FC] and Log[IE] values with FIORIT risk score classification (r 2 =0.87 and 0.70, respectively and P<0.01 for both FIOs). The FIORIT was then applied to 162 representative grassland fields through different seasons for ten farms in the case study catchment to determine the distribution of on-farm spatial and temporal risk. The high risk fields made up only a small proportion (1%, 2%, 2% and 3% for winter, spring, summer and autumn, respectively) of the total number of fields assessed (and less than 10% of the total area), but the likelihood of the hydrological connection of high FIO source areas to receiving watercourses makes them a priority for mitigation efforts. The FIORIT provides a preliminary and evolving mechanism through which we can combine risk assessment with risk communication to end-users and provides a framework for prioritising future empirical research.
INTRODUCTION
Catchments dominated by agriculture have consistently been shown to generate high faecal indicator organism (FIO) pollutant concentrations in receiving waters (Sinclair et al., 2009; Kay et al., 2008a) . Consequently, farmers and land owners are under constant pressures and legal obligations to safeguard waterbodies and protect the environment. While nutrient management planning and associated decision support and risk assessment frameworks (such as the Phosphorus index [PI] ) are relatively well established (e.g. Lemunyon and Gilbert, 1993; Buczko and Kuchenbuch, 2007) , no risk index tool exists to identify the relative risk of farmed land in contributing microbial pollutants to water at the field scale. This is surprising given the inclusion of complementary directives such as the revised Bathing Waters Directive (rBWD) (CEC, 2006) within the WFD in Europe (CEC, 2000) , microbial contaminants being a leading cause of impairment of U.S. waterbodies (USEPA 2009) , and that convenient non-pathogenic microbial parameters, known as faecal indicator organisms (FIOs), can be used as surrogate measures of infection risk to humans throughout the world (Kay et al., 2007) .
Contamination of watercourses with agriculturally-derived FIOs can occur through (i) direct routes such as animal access and defecation into streams; and via (ii) rainfall-driven transfer from farm systems to water through surface and subsurface hydrological pathways (Oliver et al., 2005) .
An increased potential for the delivery of FIOs from agricultural land to water can be linked to 'ill-timed' manure spreading activity and poor farm management such as excessive manure application rates and spreading on frozen ground (Chadwick et al., 2008) . Once excreted from livestock, FIOs are not well adapted to survive in the farm environment and their numbers decline as a function of environmental variables (Sinton et al., 2007) . However, variability in FIO die-off is such that there will often exist a period of increased risk for FIOs to be mobilised from a manure or directly excreted source, transferred through farmed land and potentially delivered to a receiving water while still in sufficient numbers to cause problems downstream and in coastal waters (Wilkinson et al., 2006) . There is an expanding (though immature relative to P and N) body of empirical FIO-related science which can form the 'evidence base' for good regulatory practice (Kay et al., 2008b) and the conceptual framework outlined in this paper has been designed around the findings of existing research.
Efforts have been made to develop process-based deterministic catchment scale pathogen models, or budgets, through inclusion of land-based inputs, hydrological routing modules and GIS data layers (e.g. Ferguson et al., 2005 Ferguson et al., , 2007 . In contrast, Goss and Richards (2008) have argued that development of a risk-based index of the potential for pathogens from agricultural activity to impact on water quality is required as an interim stage in the establishment of a fully quantitative microbial risk assessment approach. The aim of this study was therefore to: (i) use established risk factors (RFs) within the current evidence base to develop a conceptual framework for an FIO risk indexing tool that allows land managers to follow a procedure for logical risk assessment of relative FIO loss from land to water on a field-by-field basis; (ii) assess the spatial and temporal distribution of risk indices ; and (iii) provide a preliminary assessment of the reliability of FIORIT on farm fields using the Taw catchment in Devon, southwest England, as a case study to demonstrate the practical application of the index.
METHODS

Conceptual Basis for the FIO Risk Indexing Tool
The basic premise of the conceptual framework for FIORIT was that FIO related pollution is derived from critical source areas (CSAs). By this we mean that source (availability) and transfer (mobilisation) factors must be combined and then coupled with connectivity (likelihood of delivery) for a potential risk to become an actual risk. We have adopted and modified a framework similar to that proposed by Heathwaite et al. (2000) during the development of a phosphorus assessment tool. The risk indexing approach is intended to identify fields where the potential risk of FIO loss from land to water may be higher or lower relative to other spatial locations in a farm boundary and across different seasons. Seasons (for the northern hemisphere) Key transport, source and connectivity drivers thought to influence FIO loss from land to water are outlined in a preliminary risk framework (Tables 1 and 2) . While the rationale for inclusion of the RFs within each of the risk criteria is based on current empirical research, ascertaining their relative importance when operating simultaneously at the farm scale is beyond the remit of most specific research projects. In order for us to make some working assessments of how factors embedded in these risk criteria could be assigned significance, we initiated a process of expert consultation (c.f. Simsek and Veiga, 2000) . Thus, existing data and research cited in this paper (Table 1) formed the crux of the framework and expert judgement configured the relative importance of the RFs.
Expert Weighting Approach
This approach made use of an expert consortium comprising 16 members. Full details of the expert elicitation approach are documented in Fish et al. (2009) . Briefly, members were selected on the basis of their research history, international standing and expertise in their field to ensure FIORIT was robust across a range of cognate scientific areas (c.f. Cornelissen et al., 2003) . The weightings reflect the current perceptual understanding of microbiologists, soil and contaminant scientists, manure management experts, policy makers and geographers. The weighting for each RF varied on a continuous scale ranging from 0 (of no importance) through to 1 (of absolute importance). Experts were requested to leave their score blank for any RFs that they felt unable to weight with confidence. This process was not intended to generate an extensive sample of views.
Rather, it developed indicative responses from relevant disciplines that could help make our risk tool operational. The sensitivities and uncertainties associated with the expert weightings were explored in preliminary analyses.
Description of the FIO Risk Indexing Tool
The framework for the risk indexing tool was designed to use readily accessible field data, farmer knowledge and nationally available GIS databases (digital terrain models and digitised survey maps: see Table 1 ). The FIORIT used parameters that have an influence on FIO availability (source), transfer and rapid connectivity to a watercourse (Table 1) . It is recognised that a wide range of parameters could have been incorporated but the index was designed to be parsimonious and to include only key RFs whose contribution could be justified (by the existing empirical evidence-base). A detailed rationale for the inclusion of each RF is also available (CSWM, 2009).
Because little empirical work has been undertaken to evaluate the role of mitigation and management practices to reduce FIO loss at the field scale we were unable to justify the inclusion of risk-reducing factors within the FIORIT framework at this time. However, the conceptual framework is in a form such that future refinements are both encouraged and simple to implement.
Generating Risk Indices
To determine the in-field impact of each of the RFs identified in Table 1 , the user must multiply the RF Weighting (wtg) by the relative risk associated with the magnitude of each factor (RM):
The potential risk associated with each field was then calculated using the following procedure:
(i) A field assessor, via a farm audit and detailed farmer survey, was required to rate the RM of each RF from 'negligible' through to 'very high' risk based on a pre-determined definition of each risk category (see Table 2 ). This defined framework, linked to a series of databases and data collection methods (Table 1 ) was a means of standardising a subjective exercise into a more robust and replicable protocol. The corresponding score linked to each RM was established manually using a series of scenarios (Table 3) rather than automatic optimisation to avoid over constraint on sparse and uncertain data. .
(ii)
The RM was then multiplied by the RF weighting to obtain the score associated with each individual RF (see Equation 1 ).
(iii)
The resulting RF score obtained by Equation 1 was summed for each risk criteria (i.e.. Σ source RFs, Σ transfer RFs, Σ connectivity RFs).
(iv) The FIO risk index (FIO RI ) for each field was then obtained by Equation 2:
The framework was specifically designed in a multiplicative rather than additive fashion to ensure that field vulnerability was best represented. For example, if transfer potential within a field was negligible, its vulnerability would be low, regardless of manure applications or grazing activity (c.f. Heathwaite et al., 2000) . (vi) Although negligible risk fields were indexed as 0, this did not imply that the field would be 'risk free' but that the observed criteria suggested a negligible potential risk attributed to a field. Furthermore, no fields were considered to be completely devoid of hydrological connectivity because slow pathways through the soil matrix were likely to operate when more direct routes of hydrological connectivity were absent. To account for this, those fields that did not register a score for connectivity RFs within FIORIT were assigned a connectivity coefficient of 0.1 for multiplication with source and transfer related risk drivers. This ensured that an appreciation of slower delivery mechanisms remained within the indexing approach, though operating at a much reduced magnitude due to the filtering capabilities of the soil matrix and in line with our conceptual understanding of FIO loss from land to water.
A case study from the Taw catchment, Devon
The Taw Catchment in Devon, UK is presented as a case study to contextualise the FIORIT and demonstrate its practical application on agricultural land. The Taw catchment is 1200 km 2 in area and typifies a major European catchment type with intensive livestock production on rural grassland which accounts for >80% of the land use. The soils are moderately permeable and are coupled with low groundwater storage resulting in rapid stream responses to rainfall and a catchment hydrology dominated by near-surface runoff and rapid hydrograph recession (Jarvie et al., 2008) . A sample of 162 grassland fields across 10 farms in the Taw catchment were assessed using the FIORIT in order to derive a first-approximation of risk indices for winter, spring, summer, and autumn scenarios and thus assess the distribution of spatial and temporal on-farm risk within the geographic constraints on the case study area. To demonstrate potential development and testing of FIORIT we have included an evaluation of microbial water quality data (collected at two of the 10 farms) against output from FIORIT and also included a set of risk indices linked to FIORIT modified with a rainfall likelihood coefficient (RLC) derived from 30
year average rainfall records for the Taw catchment (Morris, 1999) . The RLC served to scale risk indices relative to seasonal rainfall, working from the assumption that rainfall forms a crucial driver of FIO mobilisation from land and delivery to water (Oliver et al., 2005a) . Thus, 'winter' (highest rainfall) was normalised to an RLC of 1.0 (Taw catchment long term average monthly rainfall of 121 mm) and all other seasons were graded to derive RLC's of 0.99, 0.65 and 0.63 for autumn, spring, and summer, respectively, in proportion to their relatively lower average rainfall totals of 112 mm, 78 mm, and 76 mm. Such seasonal coefficients are spatially sensitive and can be derived for any study area of the UK using this nationally available dataset. Elsewhere, equivalent nationally available long-term rainfall records can be used.
Farm and Field Description
Microbial water quality data were collected from monitoring sites located on two of the ten farms (see Fig 2 and Table 4 for field details) in the Taw catchment. The two farms differed in their physical layout and general management, but were situated within close proximity to one another with similar climatic conditions. Briefly, the mean temperature for winter, spring, summer and autumn (at both field sites) was 5. Field 1 on Farm A and Field 2 on Farm B). The two fields were chosen based on comprehensive farm survey and assessment exercises, farmer knowledge, and through preliminary risk screening.
The aim was to minimise external FIO inputs from neighbouring farmed land due to favourable surrounding land-use (woodland) and site location. A stream monitoring site at each field boundary was set up and samples collected during a 12-month period, allowing for estimates of typical seasonal flux (CFU L -1 s -1 ) for the year 2006. In the case of these two farms, no small feeder streams intercepted the sample site, thus minimizing contributions of FIOs from other fields. For Farm B, water quality was measured at an upstream location before it entered Field 2 and FIO inputs were consistently negligible. Furthermore, the field assessed on Farm B was situated on both sides of the stream negating the problematic role of extraneous inputs from a field on the opposite stream bank. Field 1 on Farm A was in close proximity to the stream source and so limited input was considered to be attributed from above the farm and this was confirmed by upstream analysis. Additionally, the stream was surrounded on the opposite bank with riparian woodland. We therefore judged that the two key fields we assessed for FIO loss vulnerability must be considered the dominant contributors to the microbial water quality of the sample site.
Instrumentation
Stream discharge (Q) measurements were completed at each farm to obtain FIO flux data. Stream Q was estimated using the area-velocity method (Fetter, 2001) . Flow velocity was measured using a Valeport model 002 open channel flow meter (Valeport Ltd., UK). Cross sectional area of the stream as a function of water level was determined and a rating equation derived to describe the stage-discharge relationship. Precipitation data was collected at farm sites using a Skye Minimet meteorological station (Skye Instruments Ltd., UK).
Sample Collection and Analysis
Both faecal coliforms (FC) and intestinal enterococci (IE) were recorded to provide a comparative evaluation of FIORIT against two routine FIOs. Regular fortnightly grab sampling over one year was augmented with a more intensive sampling campaign during key periods of the year thought to be associated with high risk of FIO delivery to water. Water samples were collected in presterilised 500-mL, screw top polypropylene bottles, stored on ice in a cool box and analyzed in the laboratory within 6 hr of collection. During the more intensive sampling campaign for each farm, a mobile laboratory was utilised to aid timely plating of the samples. On these occasions the time between collection of the water sample and laboratory analysis was 2 to 4 hr. All stream samples were analyzed for presumptive FC, and presumptive IE using standard UK methods based on membrane filtration (Anon, 2002) .
Statistical Analysis
Microbial data were log-transformed and statistical analysis was performed using these transformed data using Genstat 9.1 for Windows (VSN International, 2006) . Instantaneous microbial flux (c.f. Oliver et al., 2005a) was calculated by multiplying discharge by concentration.
Comparisons of farm data (both flow and microbial) were made using a two-tailed t test.
Pearson's product-moment correlation coefficients were derived to assess the association between microbiological variables and risk indices. Linear regression was used to discriminate the percentage of variance in FIO flux explained by FIORIT. Other regression models, including quadratic, were evaluated but did not provide significant improvement in the linear model.
RESULTS
Expert weightings and associated sensitivity and uncertainty analyses
The expert weighted data provided information on the importance of RFs relative to one another..
The mean values are shown within the matrix framework ( Table 2 ). The average from the return of 16 weightings was accommodated within the risk index as the final weighting per RF so as not to desensitise upper and lower expert weightings. This was because experts only weighted RFs if they were confident in their judgements, and so it was inappropriate to use the median. The ranges of the expert weightings are published elsewhere (Fish et al., 2009) .
The form of the FIORIT equation (Eqn. 2) is such that there are 3, 7 and 6 variables associated with the transport, source and connectivity risk criteria, respectively. This means that these criteria have relative implicit weightings of 1, 0.43 and 0.5, respectively. The actual sensitivity of the expert weightings is however dependent upon the magnitude of the expert weighting in question, the magnitudes of the other expert weightings in each class and the magnitudes of the risk scores in each class for any given field as shown in Equation 3. For example, for any given field if the RM = 0 then the risk factor will be insensitive by definition.
where: SI wtg is the sensitivity index for a given expert weighting, k is a multiplier in the sensitivity analysis which determines the change in a given expert weighting and N is the number of weightings in wtg i 's class.
RFs attributed with the highest expert weighting but which also accommodated a large range (or lack of consensus) in expert scores (see Fish et al., 2009 ) are implicitly the most uncertain, and vice versa. Thus, 'livestock access to streams' and 'livestock type' were identified as the most and least uncertain RFs within FIORIT. Following Livestock access to streams, the RFs contributing most error intrinsic to the index were 'overland Flow distance' and 'runoff potential'.
Water Quality Data and Field Risk Indices
There was a significant (P<0.001) difference in the average recorded stream flow (measured at time of microbial sample collection) at both farms. Flow at Farm A averaged 22 L s -1 compared to 50 L s -1 at Farm B. For Farm A, measured flux on sampling dates ranged between log 10 4.0 and log 10 5.8 CFU L -1 s -1 for FC, and for IE the range spanned from log 10 3.46 to log 10 5.77 CFU L -1 s -1 .
On Farm B, the range in FC values was of a higher magnitude (log 10 5.4 to log 10 7.6 CFU L -1 s -1 ) as was that associated with IE (log 10 4.7 to log 10 7.2 CFU L -1 s -1 ). An example of FIO fluctuations through time and with respect to daily rainfall is shown in Figure 2 Throughout the year, the average measured flux of FC and IE was significantly higher (P<0.0001) at Farm B.
The microbial water quality data enabled calibration of RM categories within FIORIT. The scenarios shown in Table 3 provided r 2 values for the unmodified and RLC modified FIORIT as shown in Table 5 . Thus the arithmetric progression of 0, 1, 2, 3, 4 was adopted for RM categorisation within the FIORIT rather than a geometric progression. In turn, the FIORIT risk indices for Field 1 (Farm A) were 100 (low), 144 (medium), 112 (medium) and 197 (medium) for spring, summer, autumn and winter, respectively. When modified using the RLC, the risk indices for those same seasons converted to 65 (low), 91 (low), 111 (medium) and 197 (medium).
Derived risk indices for Field 2 (Farm B) were relatively high: 291 (high), 389 (very high), 325 (very high) and 168 (medium) for spring, summer, autumn and winter, respectively, converting to 189 (medium), 245 (high), 385 (very high) and 168 (medium) when modified with the RLC. In an attempt to provide a preliminary quantification of the potential errors in FIORIT output stemming from the uncertainty in the expert weightings, we performed an uncertainty analysis of the unmodified FIORIT risk indices (Figure 3) . The uncertainty assessment took the form of a simplistic forward-propagation methodology using Monte Carlo sampling from normal distributions generated using the mean and standard deviations from the elicited expert weightings. Figure 3 shows the resulting ranges of predicted risk indices in the form of box and whisker plots. where it can be seen that on average there is approximately +/-30% error between the 50 th and the 25 th and 75 th percentiles. Ideally this uncertainty analysis should be extended to include constraint of risk index estimates with field data (e.g. by using the GLUE method (Beven and Binley, 1992) . We chose not to extend our uncertainty analysis in this case owing to limited field data available for model constraint.
There was a significant (P<0.01) upward trend ( Fig 4A) in both Log [FC] and Log[IE] values with increasing risk indices derived by FIORIT using the unmodified framework. The intercept at the lowest level of risk corresponded to a greater than expected FIO flux of between 3-10 x 10 3 CFU L -1 s -1 . Adapting FIORIT based on the RLC allowed us to scale down field risk indices (potential risk) associated with seasons during which rainfall is typically less likely. Evaluation of the relationship between microbial water quality parameters and the modified FIORIT risk indices ( Fig 4B) highlighted that the RLC did not alter the direction or significance of the previously observed trend, though it did impact on the explained variance of the two microbial parameters. (Table 5 )..
Extending FIORIT for the Taw Catchment Case Study
The statistically significant relationship between microbial water quality parameters and FIORIT risk indices was used to extend the application of FIORIT to a larger cross sample of fields to gauge the variability in field-scale risk of FIO delivery to water at the farm scale. The output of FIORIT is summarised as a frequency distribution of results from the seasonal assessment of 162 grassland fields across 10 farms in the Taw Catchment, Devon (Fig 5) . The data presented in Fig.   5 are based on field assessment, GIS data and collected management information. Of the surveyed fields, the majority fell within the negligible and low risk category (88%, 87%, 85% and 90% for winter, spring, summer and autumn, respectively). The seasons accommodating the highest proportion of 'very high' risk fields was found to be summer and autumn (both 1%) whereas winter and spring were ranked as having no 'very high' seasonal risk. When FIORIT was modified to include the RLC these distributions shifted slightly so that proportions of the medium to high risk fields were reduced ( Fig 5) .
DISCUSSION
Development of practical and pragmatic approaches to mitigating microbial pollution from agriculture at the farm level requires identification of: (i) CSAs of FIO loss; (ii) reasons why CSAs exist; and (iii) management strategies to reduce risk. Clearly the importance of field sources depends on the timing and extent of faecal deposition and die-off rates (Vinten et al., 2008) , and land application of manures in spatially and temporally heterogeneous patterns . While such FIO source burdens are clearly spatially and temporally complex, the study reported in this paper suggests that basic RFs, derived from field assessment, nationally available datasets and farm survey, can be coupled with current scientific understanding and supported by published research and professional judgement to offer an initial approximation of the relative risk of FIO loss from land to water without the need for quantitative risk assessment. The output of FIORIT can be complementary to other risk assessment management strategies. For example, in the UK Defra manure management and soil management plans (Defra, 2003; Defra, 2005a) which are linked to environmental stewardship schemes (Defra, 2005b) , help raise awareness of manure spreading strategies and other farm activities that could potentially cause pollution of watercourses. Thus, the format represents a system which is familiar to farmers and landowners and this is likely to be advantageous for successful uptake or coupling of the tool with complementary management plans provided that a user-friendly interface is developed to facilitate integration of the different input data sources.
Undoubtedly, the conceptual framework of FIORIT is constrained by existing knowledge, but this has also been the case with the PI during development from its original conceptualization (Bechmann et al., 2007) and this applies to most models of diffuse pollution. We have demonstrated the potential for modification of FIORIT via inclusion of the RLC; but additionally, as our understanding and associated wealth of research findings grow, end-users can further adapt the tool to incorporate new knowledge, local factors and subsequent refinements. In the absence of conclusive field-scale evidence on the relative magnitudes of each RF, the elicited expert weightings provide a first-approximation and also hypotheses to be tested in the future but are, of course, subject to uncertainty as evidenced by Figure 3 . However, the flexibility in tool structure serves to 'future-proof' FIORIT in a way that can facilitate adaptive modelling (Beven, 2007) . As an example, die-off of FIOs is currently reflected within FIORIT via the 'aged faecal material' RF, and also links to risks attributed to different livestock types related to a combination of factors such as volumes of faeces excreted and physical properties and release riskiness of the faeces rather than strict relationship with die-off, where there exists much uncertainty. Little research has actually been reported on field scale die-off of E. coli or IE in different types of livestock faeces through different months of deposition . While FIORIT functions well enough using a simplistic surrogate for die-off without including seasonal die-off corrections relating to UV and temperature fluctuations, development of an established database of such information would provide the foundation to refine FIORIT to accommodate such inclusions in the future.
The higher stream flow associated with Farm B was partly responsible for the elevated FIO flux regularly recorded at this farm (Fig 2) . However, management practices and inherent landscape features would clearly influence concentrations of cell export from land, and hence contribute to variations in fluxes recorded in receiving streams. For example, the differences in flux observed in Figure 2 during spring at Farm A and B relate not only to stream flow but also to differences in animal and manure application activity. Farm A received a single application of FYM in winter and spring and was not grazed until June, whereas Farm B received fresh faecal inputs from grazing sheep and lambs throughout March to May. The upward trends shown in Figure 4 are consistent with increasing influence of the FIO burden to land on microbial loads at monitoring sites (Lewis et al., 2005) . This FIO burden was largely derived from grazing and stock movements, particularly as animals were turned out from winter housing. However, the intercept was higher than what we would expect. At lowest levels of risk, FIORIT indicated a stream flux of between 3-10 CFU mL -1 s -1 , which is not consistent with negligible flux risk. This higher than expected intercept may be relate to: (1) the potential contribution of uncontrolled inputs derived from wild animals (Meays et al., 2006) ; (2) livestock access to watercourses that may re-suspend stream sediment which can contain historical FIO risk from past pollution events (Jamieson et al., 2005) ; and (3),annual rainfall for the south west of England in 2006 being only 1129 mm (Met Office, 2007) , 7% lower than the 1961-1990 long term average. Microbial data presented within this evaluation therefore represents the results from a particularly dry year during which storm flow events were scarce at the sampling sites. The FIORIT is used to identify potential risk of fields, but for potential risk to become an actual risk, rainfall is needed to act as a driving mechanism. We can speculate that had we obtained high flow event data, then the high risk indices may have been associated with microbial loads several orders of magnitude higher than those reported (McDonald and Kay, 1981; Kay et al., 2008b) , thus increasing the slope of the relationship and reducing the intercept.. Similarly, the range of flux data for both farms would probably have been much larger if wet weather had predominated.
Interestingly, the results show slight differences (in terms of biological variability) between the two FIOs monitored and their relation with increasing risk indices. However, as would be expected, both follow the same upward trend. Such differences could be a reflection of their differential die-off patterns in various agricultural matrices (Wang et al., 2004) . Others have shown that FC and IE exhibit significantly different release kinetics from manure sources and have suggested that FC may have resided in more liquid parts of manure, whereas IE were apparently present in less readily suspended, possibly solid, parts of manure (Guber et al., 2007) ; and this could also have contributed to differences in explained variance between the two organisms. So, the RLC derived indices are perhaps more reflective of runoff related risks and this may explain the strengthening of the IE relationship with the modified FIORIT risk indices in Figure 4B .
The frequency distribution data shown in Figure 5 is positive in that it highlighted that the majority of fields (>85%) within our representative sample were deemed to be of negligible or low risk throughout the year (through either limited source or transfer potential within fields).
This suggested that bacterial pollution was sourced from a small proportion of critical fields that facilitate the routing of faecal bacteria through the environment to surface waters. Similar findings, derived from nutrient management tools, have been reported for P (Coale et al., 2002) and others have documented that small agricultural areas (<20% of catchment area) can be responsible for the majority of P pollution incidents (Heathwaite et al., 2000) . While the highest risk fields make up only a small proportion of the total fields assessed, their ability to link high FIO source areas to watercourses makes them a particular concern and a priority for mitigation.
Including a temporal component in FIORIT was important because different agricultural activities were typical of particular times of the year suggesting that an annual risk map would not be of an appropriate resolution to capture fluctuations in potential FIO loss from land to water. FIORIT provided a simple means of identifying potentially high risk periods of the year and spatial hotspots of FIO loss from land to water on working farms.
Future Potential and lessons learned
At present FIORIT remains prototypical in design, but its development has progressed following the protocols proposed by Jakeman et al. (2006) and Refsgaard et al. (2007) with respect to definition of tool purpose and associated modelling context, tool conceptualisation, rationale for parameter inclusion within the tool structure and preliminary evaluation and uncertainty analysis.
This procedure, combined with model evaluation, has been well demonstrated for previous studies (Robson et al., 2008; Welsh, 2008) . While we acknowledge uncertainties associated with expert weightings, we maintain that model uncertainty must be considered in the context of the purposes of the model (Jakeman et al., 2006) . The FIORIT was designed to assist land-owners to make decisions based on relative risk rather than to quantitatively predict water quality impairment where discrepancies in observed and predicted data would be much more critical. The implicit uncertainties that were translated from the expert consultation exercise will instead help us frame priorities for future research. For example, the three RFs contributing the greatest error intrinsic to the risk index, namely cattle access to streams, overland flow distance and runoff potential should be a priority for future research. The highest uncertainty, linked to cattle access to streams, equates to a lack of knowledge with regard to how effective stream bank fencing would be in relation to improvements in microbial water quality. Uncertainty in overland flow accumulation and runoff potential highlights the lack of current understanding with regard to episodic runoff events and their role in providing connectivity from source to stream. Indeed, flow connectivity simulation has been advocated by others as a complementary modelling approach to pursue further (Kay et al., 2007) .
Furthermore, by applying FIORIT to a case study catchment it has become clear that next steps should include the development of a user-interface for FIORIT so that end-users of this research tool are able to input associated data for farm environments in order to derive index output. This would require a coupling of standard GIS software with a database of risk indices and those datasets specified as pre-requisites for FIORIT. Additionally, scaling opportunities exist to account for within-field variability of risk which would offer higher resolution determination of critical source areas and provide a more targeted system of management or mitigation once high risk fields have been identified. Perhaps a more interesting use of FIORIT is to use it as a device to aid thinking and generate discussions within focus groups of scientists, land managers and farmers (c.f. Hewett et al., 2004) . This would also allow for qualitative verification of the tool's capabilities with knowledgeable stakeholders and, should the tool function inappropriately for a given scenario, then the assumptions and weightings would need to be re-evaluated (Jakeman et al., 2006) . Using FIORIT in this way would enable knowledge exchange, interactions and idea sharing between scientists and end-users but also ensure that the credibility of FIORIT would continue to evolve. In this respect FIORIT can therefore be used as a scenario testing tool, allowing changes in potential risk to be calculated based on changes in farm management.
We reiterate that fields ranking as negligible risk will still pose a small risk of FIO loss to watercourses via slower hydrological routes, but relative to other fields whereby visible and rapid overland flow pathways were connecting faecal sources directly to the watercourse, then a risk classification of 'negligible' remains appropriate. Critically, this does not mean that such fields can be over-burdened with manure applications because of being classified as negligible risk of contributing FIOs to water. The key point is that holistic strategies of risk assessment for other pollutants (e.g. P and N) should be employed so that FIORIT will be used in conjunction with recommended guidelines for manure application rates and stocking densities.
CONCLUSIONS
This evaluation has highlighted the potential for FIORIT to rank farm fields according to their relative risk of FIO contribution to watercourses. While preliminary analysis suggested that on average there is approximately +/-30% error between the 50 th and the 25 th and 75 th percentiles of the FIORIT output this is a first approximation of an FIO risk indexing tool so future adaptation and modification must be encouraged and as with the PI, development will progress with the extension of our knowledge base..We have purposely structured FIORIT so as not to overcomplicate the framework and to allow for a flexible and practical strategy for on-farm microbial vulnerability mapping. Indeed, complexity is not justified if all that is required is a general risk assessment framework for more specific, on farm advice (Strauss et al., 2007) and prioritization of mitigation strategies. However, the next phase is to test FIORIT in different geographical locations beyond the case study catchment and gather more on-farm data to facilitate the widening scope of the tool's capabilities (Scholten et al., 2007) . Beyond this, further validation and modifications of the tool will help ensure FIORIT serves its intended purpose, both in the short term for framing research needs, as evidenced by the uncertainty in expert weighting, and in the long term through development into a robust indexing tool. 
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